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Abstract 
Concentrations of dissolved CO2 and mono-ethanolamine (MEA) are two essential properties of common CO2 absorption 
processes. They can be predicted accurately and continuously using a combination of inline measurements and a multivariate 
model, also in the presence of various solvent degradation products. Including expected pollutants in the model calibration 
generally improves the prediction accuracy for polluted solvent samples originating from an industrial pilot plant. Compared to a 
model based on unpolluted samples, the obtained predictions are worse. However, they are still around  2-3 [%] of the 
measurement ranges, which makes them useful for real-time process monitoring and control. 
© 2013 The Authors. Published by Elsevier Ltd. 
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1. Monitoring liquid composition in absorption processes 
Two essential operation variables of absorption-based acid gas removal processes are the concentrations of the 
active solvent component(s) and the dissolved acid gas(es). The direct measurement of these variables is difficult 
and expensive, so other measurement strategies are typically used. Off-line sample analysis is the current standard, 
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making continuous and real-time monitoring challenging. In search for a simple, cost-effective, and robust method 
for the online monitoring of these concentrations, recent research has shown very promising predictive capabilities 
[1]-[3]. When combining density, conductivity, refractive index, and sonic speed measurements with a multivariate 
model, the concentrations of mono-ethanolamine (MEA) and CO2 could be predicted with accuracies of 0.3 [wt%] 
and 0.1 [wt%] in a laboratory environment, which is about 1 [%] of the measurement ranges [3]. 
In industrial applications, the absorption liquid does not only contain active solvent, absorbed gas, and water, 
but typically also heat stable salts [4] and (other) solvent degradation products. For MEA, two general solvent 
degradation mechanism are relevant: oxidative degradation [5] and carbamate polymerization [6]. This study 
focusses on the effect that these degradation products have on the predictive performance for the MEA and CO2
concentrations, obtained from measurements of the density, conductivity, refractive index, and sonic speed in 
combination with a multivariate model, as described in [1]. 
2. Research approach 
The effect of solvent degradation on the predictive accuracy of the multivariate model described in [3] is studied 
in this work by creating two versions of the model: an unpolluted model without any degradation products, and a 
polluted model that does include some degradation products. After assessing the predictive performance of these 
two models, they are subsequently validated by predicting the concentrations of two different sets of pilot plant 
sample  measurements: a set originating from an industrial scale pilot plant absorbing CO2 from the flue gas of a 
coal-fired power plant, and a set originating from a laboratory scale absorption set-up capturing CO2 from synthetic 
flue gas. 
2.1. Model development approach 
The two versions of the multivariate model are either based on 23 calibration samples without any degradation 
products (unpolluted model), or based on 35 calibration samples of which the additional 12 are polluted with 
varying amounts of highly oxidized MEA (polluted model). In the unpolluted model, 17 samples are used for 
calibration and 6 for validation. In the polluted model, 25 calibration samples are used, of which 8 are polluted, and 
the remaining 10 samples are used for validation, including 4 polluted samples.  
Both models are developed as described in [3], at a constant temperature of 40 [°C], and based on measurements 
of the density, conductivity, refractive index, and sonic speed. For more details on the chemicals, analytical 
techniques, and procedures used, reference is made to the extensive description given in [3]. 
2.2. Model validation approach 
These two models have subsequently been used to predict the concentrations of two different sets of 
measurement data. The first set is based on off-line measurements of 11 samples originating from an industrial CO2
capture pilot plant using aqueous MEA, connected to a coal-fired power plant. More details on the pilot plant are 
described in [7]. The samples contain products of both oxidative degradation and carbamate polymerization, as well 
as heat stable salts formed due to flue gas impurities.  
The second set measurement data is obtained during approximately three weeks of continuous inline monitoring 
using a micro-plant experiment in a laboratory environment. This micro-plant is a small scale CO2 capture plant 
dedicated to degradation-related experiments. The absorber and stripper have a height of approximately 1.2 [m] and 
an inner diameter of approximately 0.09 [m]. The total liquid volume in the system is around 8 [l], including the 
inline measurement loop that is used. Typical solvent flow rates in the micro-plant are around 6 [l/h], with a flue gas 
flow of approximately 450[ l/h]. During the experiments, the measurement loop was switched between the lean and 
the rich solvent flows. The absorber was operated at atmospheric pressure and the stripper at 1.9 [bar] and 117 [°C]. 
The solvent temperature in the absorber depended on the amount of CO2 captured by the solvent and was around 35-
40 [°C]. During the experiment, 24 liquid samples were manually withdrawn from the process, both from the lean 
and the rich solvent streams. Products of both oxidative degradation and carbamate polymerization are present in 
these samples, but only a limited amount of heat stable salts, due to the use of synthetic flue gas (a mixture of 12 
[vol%] CO2 in air). The relatively high O2 concentration of around 17.6 [vol%] was used to increase oxidative 
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degradation. Furthermore, during the last days of the experiment, copper sulfate was added, which has a catalytic 
effect on oxidative degradation. 
Table 1 gives an overview of the main characteristics of the two pilot plants that were used. 
Table 1: Comparison between the two pilot plant installations that were used to provide solvent samples polluted with degradation products. 
TNO micro-plant Maasvlakte pilot plant 
Flue gas source Synthetic: 12 [vol%] CO2 in air Coal-fired power plant 
Approximate flue gas flow rate 450 [l/h] 1200 [m3/h] 
Heat stable salts Hardly Yes 
Oxidative degradation products Yes Yes 
Carbamate polymerization products Yes Yes 
Solvent property measurements In-line Off-line 
CO2 and MEA concentration measurements Off-line Off-line 
3. Model results 
Predictive accuracies are quantified in this work using the Root Mean Square Error of Prediction (RMSEP): 
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Where n is the number of samples, ximeasured is the measured and xipredicted the predicted value for the respective 
variable. The RMSEP represents the mean predictive error in the units of the respective variable, in this case in 
weight percentage of the unloaded solvent for MEA and in weight percentage of the total solution for CO2. 
3.1. Model development results 
Table 2 gives an overview of the predictive accuracies of the two models that have been developed.  
Table 2: Obtained accuracies of the two developed predictive models. 
Calibration samples Validation samples RMSEP MEA [wt%] RMSEP CO2 [wt%] 
Unpolluted Unpolluted 0.24 0.05 
Polluted Polluted 0.46 0.23 
Unpolluted Polluted 0.71 0.48 
It can be seen that the predictive accuracy is worse for the polluted model than for the unpolluted one, as could 
be expected. Keeping in mind that typical concentrations of MEA and CO2 are around 30 [wt%] and 5-10 [wt%], the 
obtained accuracies of the polluted model are still around 2 [%] of the measurement ranges. Combining the 
unpolluted calibration set with the polluted validation set indicates that it is beneficial to include polluted samples in 
the calibration set when polluted samples are to be analysed.  
3.2. Model validation using industrial pilot plant experiments 
Table 3 gives an overview of the accuracies of the unpolluted and polluted models, when used to predict the 
MEA and CO2 concentrations of the samples originating from the industrial pilot plant.   
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Table 3: Obtained predictive accuracies of the industrial pilot plant experiments using the unpolluted and polluted calibration sets. 
Model RMSEP MEA [wt%] RMSEP CO2 [wt%] 
Unpolluted 0.75 0.29 
Polluted 0.94 0.26 
The RMSEP values for the CO2 predictions are comparable. But for MEA, the unpolluted model is performing 
better than the polluted model, which is unexpected. This latter effect can possibly be explained by the difference in 
the type of pollutants that are present in the samples used for model calibrations (oxidative degradation products) 
and the pilot plant samples (oxidative degradation products, carbamate polymerization products, heat stable salts). 
Apparently, the resemblance between unpolluted samples and samples containing oxidative degradation products 
only is bigger than the resemblance between samples containing oxidative degradation products only and samples 
containing all types of pollutants.  
The amount of degradation in the pilot samples could not be identified accurately, but it ranged between 2 and 7 
[%] of the initial MEA concentration. It is evident that even the polluted pilot samples from an experiment that had 
more than 1000 operating hours were still accurately monitored by both models. 
3.3. Model validation using laboratory micro-plant experiments 
Figure 1 shows the continuous predictions based on the inline measurements using the polluted model, along 
with the results of the off-line analyses of the 24 samples that were taken.  
Figure 1: Continuously predicted MEA and CO2 concentrations and the concentrations in analysed samples (markers) during the laboratory 
micro-plant experiments, obtained with the polluted model. 
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The continuous predictions of the MEA concentration shown in Figure 1 reveal a reduction from the initial 30 
[wt%] to below 25 [wt%]. This reduction is partly caused by sampling. Due to the limited liquid volume in the 
micro-plant, the replacement of the sample volume by water dilutes the solvent substantially. The samples had a 
volume of around 40 [ml] each, adding up to a total sample amount of 0.96 [l]. The remaining reduction in MEA 
concentration (around 8.5 [%]) is caused by degradation of the solvent. The solvent color is an indication of the 
amount of degradation and the change in color between the first and the last sample is depicted in Figure 2.  
Figure 2: Changed colour of the samples between the beginning and the end of the micro-plant experiment, indicating solvent degradation. 
Since the measurement loop was switched between the lean and rich stream several times, some step changes in 
the CO2 concentrations are visible in Figure 1. The period with a CO2 concentration between 3 and 4 [wt%] is 
caused by a reduced CO2 content in the flue gas during that period.  
Table 4 gives an overview of the RMSEP values of the unpolluted and polluted models, when used to predict 
the MEA and CO2 concentrations of the samples originating from the laboratory micro-plant. 
Table 4: Obtained predictive accuracies of the laboratory micro-plant experiments using the unpolluted and polluted calibration sets. 
Model RMSEP MEA [wt%] RMSEP CO2 [wt%] 
Unpolluted 0.75 0.18 
Polluted 0.57 0.23 
The polluted model performs significantly better when it comes to MEA, and slightly worse for CO2. The 
RMSEP values of the polluted models are even rather close to the values of the polluted model itself, given in Table 
2. The additional presence of the carbamate polymerization products in the pilot plant samples, only has a small 
negative effect on the MEA predictions accuracy, while the CO2 predictions is unaffected. Since MEA is the 
degrading component, it was expected that the addition of pollution to the model would have the strongest effect on 
the predicted MEA concentration.  
There seems to be no relation between the error in the predicted concentrations and the amount of degradation, 
as can be seen in Figure 3. The error does not grow over  time, indicating that the model is able to predict the MEA 
and CO2 concentrations even in degrading circumstances. 
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Figure 3: Error in MEA and CO2 estimations over time. No significant relation between the error and the time of operation was visible. 
Regular operational concentrations are about 30 [wt%] for MEA and 5-10 [wt%] for CO2. 
4. Conclusions 
Comparing the predictions using the unpolluted and polluted models, it can be seen that for the laboratory case 
the overall prediction becomes better when using the polluted model. However, for the industrial case the prediction 
becomes worse. This latter effect can be explained by the increased presence of heat stable salts in the measurement 
set, which are not present in the calibrated polluted model. In all cases, the RMSEP values are about 2-3 [%] of the 
measurement ranges. So even in the presence of degradation products, the used monitoring approach is capable of 
predicting with a reasonably good accuracy. This conclusion is also supported by the observation that the errors in 
the micro-plant predictions did not show any clear relation with the concentration of degradation products. Including 
all types of pollutants in the calibration set can be expected to yield even better results. 
This research is an important step towards the industrial implementation of a simple, cost-effective, and robust 
method for online monitoring of solvent and absorbed gas concentrations in chemical absorption processes. Future 
research will focus on the inclusion of the degree and type of degradation in the calibration set, on the combination 
of the model predictions with already available process data, and on applying the developed approach to different 
combinations of solvents and/or acid gases. 
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